The tempo and mode of protein evolution have been central questions in biology. Genomic data have shown a strong influence of the expression level of a protein on its rate of sequence evolution (E-R anticorrelation), which is currently explained by the protein misfolding avoidance hypothesis. Here, we show that this hypothesis does not fully explain the E-R anticorrelation, especially for protein surface residues. We propose that natural selection against protein-protein misinteraction, which wastes functional molecules and is potentially toxic, constrains the evolution of surface residues. Because highly expressed proteins are under stronger pressures to avoid misinteraction, surface residues are expected to show an E-R anticorrelation. Our molecular-level evolutionary simulation and yeast genomic analysis confirm multiple predictions of the hypothesis. These findings show a pluralistic origin of the E-R anticorrelation and reveal the role of protein misinteraction, an inherent property of complex cellular systems, in constraining protein evolution.
The tempo and mode of protein evolution have been central questions in biology. Genomic data have shown a strong influence of the expression level of a protein on its rate of sequence evolution (E-R anticorrelation), which is currently explained by the protein misfolding avoidance hypothesis. Here, we show that this hypothesis does not fully explain the E-R anticorrelation, especially for protein surface residues. We propose that natural selection against protein-protein misinteraction, which wastes functional molecules and is potentially toxic, constrains the evolution of surface residues. Because highly expressed proteins are under stronger pressures to avoid misinteraction, surface residues are expected to show an E-R anticorrelation. Our molecular-level evolutionary simulation and yeast genomic analysis confirm multiple predictions of the hypothesis. These findings show a pluralistic origin of the E-R anticorrelation and reveal the role of protein misinteraction, an inherent property of complex cellular systems, in constraining protein evolution.
A lthough molecular and evolutionary biologists unanimously agree that the key determinant of the evolutionary rate of a protein is its functional constraint, the exact nature of the functional constraint on a protein has remained largely mysterious. In the last decade, the advent of functional genomics has allowed empirical examinations of correlations between the evolutionary rate of a protein sequence and various properties of the protein such as its expression level, expression breadth across tissues, subcellular localization, gene structure, number of protein interaction partners, and KO fitness effect (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) . Unexpectedly, the strongest determinant of the rate of protein sequence evolution was found to be its expression level, at least in unicellular organisms such as bacteria and yeast (2, 3, 13, 15) . The reason why highly expressed proteins evolve slowly, however, is not well-understood. The prevailing explanation of the negative correlation between the expression level of a protein and its evolutionary rate (E-R anticorrelation) is the protein misfolding avoidance hypothesis, which asserts that natural selection against cytotoxic protein misfolding (18) is stronger for more highly expressed proteins and constrains the evolution of these proteins (13, 19, 20) . The misfolding avoidance hypothesis has been supported by a molecular-level evolutionary simulation as well as multiple lines of empirical evidence (13, 20) , and therefore, it has been wellestablished. What is unclear, however, is whether this hypothesis can fully explain the E-R anticorrelation. We pose this question, because misfolding avoidance is achieved primarily by the enhancement of protein stability (20) , which is mainly determined by the selective use of residues located in the protein core; however, the E-R anticorrelation is not limited to the protein core. In this work, we first show that the E-R anticorrelation persists, especially on the protein surface, even when residues constrained for misfolding avoidance are removed. We then propose a mechanism for the E-R anticorrelation on protein surfaces, termed the protein misinteraction avoidance hypothesis. Finally, we provide evidence for this hypothesis using both computer simulation and empirical genomic analysis.
Results
Misfolding Avoidance Cannot Fully Explain the E-R Anticorrelation.
To assess whether the E-R anticorrelation is fully explainable by the misfolding avoidance hypothesis, we first removed sites in a protein that are constrained by misfolding avoidance and then examined whether the anticorrelation disappears. In a recent study (20) , we derived an approximate formula for the probability of protein misfolding (p misfold ) of a mutant gene relative to its WT version. At each codon position of each protein coding gene in the budding yeast Saccharomyces cerevisiae, we determined the rank of the WT codon among the 61 possible sense codons in terms of p misfold . For example, if the WT codon has the lowest p misfold among the 61 possible codons, the WT codon has a rank of one. In a gene, such top-ranked codons are expected to be under stronger constraint for misfolding avoidance than not top-ranked codons. Consequently, the E-R anticorrelation should be weakened when top-ranked codons are eliminated. Evaluating the E-R anticorrelation requires an accurate estimation of the substitution rate. We estimated the substitution rate of each amino acid position by using sequence alignments from six yeast species that diverged after the whole-genome duplication (WGD) that occurred ∼100 Mya (21) (Materials and Methods).
We first removed all amino acid positions where the WT codons are ranked one by p misfold ; these sites were previously referred to as matching sites (20) . For comparison, we randomly removed the same number of amino acid sites as the number of matching sites from each yeast protein. We then calculated the correlation between the mRNA expression level of an S. cerevisiae gene and its amino acid substitution rate estimated from the mean of the remaining amino acid sites of the protein. Consistent with the misfolding avoidance hypothesis, removing the top-ranked codons weakens the E-R anticorrelation significantly more than any of the 10 4 random removals of the same number of sites (P < 10 −4 ) ( Fig. 1A) . However, the amount of decrease in E-R anticorrelation is small (from ρ = −0.549 to −0.545), and the anticorrelation remains very strong after the removal of the top-ranked codons (P < 10 −292 , Spearman's rank correlation test), which constitute 15.4% of all codons.
The genome-wide median p misfold rank for WT yeast protein sequences is six. To further reduce the evolutionary constraint imposed by misfolding avoidance, we eliminated all codons with p misfold rank ≤ 6. As expected, this removal is more effective than the random removal of the same number of codons in weakening the E-R anticorrelation (Fig. 1B) ; however, the anticorrelation remains strong (ρ = −0.538, P < 10 −284 ). We then took a third and even more dramatic action by removing all codons with p misfold ranks ≤ 30 (Fig. 1C ). Because each codon has 61 available choices, the remaining sites all have p misfold ranks ≥ 31. These sites should be equally or less stabilizing than the chance expectation and thus, are unlikely to be subject to selection for misfolding avoidance. Furthermore, this removal eliminated 88% of codons, resulting in a dataset that is substantially smaller than the original one. Surprisingly, the E-R anticorrelation remains strong (ρ = −0.496, P < 10 −234 ). These results suggest that the protein misfolding avoidance hypothesis does not fully account for the E-R anticorrelation.
Misfolding Avoidance Is Especially Poor in Explaining the E-R Anticorrelation for Protein Surfaces. Protein misfolding avoidance is accomplished by the reduction of both translational error-induced and -free misfolding (20) through the use of optimal synonymous codons, which likely increases translational accuracy (13) , and the use of amino acid residues at key positions, which increases protein stability (20) . It has been reported that optimal codons are preferentially used at buried sites of proteins and that this preference intensifies with rising expression level (22) . Buried sites are also known to be more important than surface sites in determining protein folding stability (23) . Thus, natural selection against misfolding is expected to act primarily on the buried residues in a protein. To confirm this prediction, we examined the distribution of residues with top-ranked p misfold among exposed and buried sites. Buried sites are defined as those sites that are accessible by fewer than five water molecules simultaneously (Materials and Methods). Because the genome-wide median p misfold rank is six for WT yeast protein sequences, we consider residues with p misfold rank ≤ 6 as stabilizing sites and compare the fraction of stabilizing sites in buried and surface regions of yeast proteins. Indeed, in >97% of yeast proteins examined, the fraction of buried sites that are stabilizing is greater than the fraction of surface sites that are stabilizing ( Fig. 1D ). The enrichment of stabilizing sites in buried regions predicts that the removal of stabilizing sites would weaken the E-R anticorrelation in buried regions more than in surface Spearman's rank correlation (ρ) between the mRNA expression level of a gene and the mean amino acid substitution rate of the gene. We used all residues (dashed line) and removed sites with p misfold rank = 1 (A), p misfold rank ≤ 6 (B), and p misfold rank ≤ 30 (C). To compare with the three specific removals (indicated by arrows), we randomly removed the same numbers of sites from each gene and repeated the random removal 1,000 times (frequency distribution indicated by open bars). The statistical significance in the difference of ρ between the specific removals and random removals is indicated above the horizontal solid bar. (D) Fraction of stabilizing sites in buried regions is greater than the fraction on protein surfaces for most proteins. Each dot represents a gene. Numbers of genes below and above the diagonal line are indicated as well as the P value of the null hypothesis that these two numbers are equal. (E) Spearman's rank correlation (ρ) between mRNA levels and amino acid substitution rates for surface and buried residues separately after sites with p misfold rank less than or equal to certain cutoffs are removed.
regions. This prediction is indeed correct (Fig. 1E ). Thus, protein misfolding avoidance is especially poor in explaining the E-R anticorrelation for protein surfaces. However, surface residues are not completely irrelevant to misfolding avoidance (24) , which is evident from Fig. 1E . Furthermore, a positive correlation exists between protein abundance and the fraction of matching sites for protein surfaces (ρ = 0.243, P < 10 −18 ), although the corresponding correlation for protein cores is much stronger (ρ = 0.415, P < 10 −55 ).
Estimation of p misfold using protein structure information is expected to be more accurate than using protein sequence information (20, 25) . However, the above analyses were based on protein sequence information, because most yeast proteins do not have structure information. Nevertheless, qualitatively similar results were obtained when only those proteins with structure information were examined. For instance, in Fig. 1D , all 26 proteins with structure information are located below the diagonal line. In Fig. 1E , the remaining E-R anticorrelation after the removal of buried residues with p misfold ranks ≤ 30 (−0.12) is much weaker than the remaining E-R anticorrelation after the removal of surface residues with p misfold ranks ≤ 30 (−0.27).
Protein Misinteraction Avoidance Could Constrain the Evolution of
Protein Surfaces. What might constrain the evolution of protein surfaces in a protein concentration-dependent manner? Protein misinteraction could be the answer. Protein misinteraction refers to nonfunctional and typically nonspecific protein-protein interactions that occur upon random encounters between protein molecules. For two reasons, protein misinteraction is quite frequent in a cell. First, many proteins coexist at any given time in any cellular compartment, providing ample opportunities for misinteraction. For example, ∼1,800 proteins are coexpressed and colocalized to the yeast cytoplasm in standard laboratory conditions (26, 27) . Because an average protein has only a few specific partners (28) , the total concentration of nonspecific partners of a protein is much greater than the concentration of its specific partners. Second, although functional and specific protein interactions are usually stronger than misinteractions, the difference in binding energy is moderate (29, 30) . Considering these factors, Zhang et al. (30) recently estimated that ∼22% of protein molecules that are not engaged in specific protein interactions are bound with nonspecific partners in yeast. Similar estimates of 23-28% were obtained for other model organisms, including the nematode worm, fruit fly, and human (30) .
Protein misinteraction can be deleterious to an organism, because it (i) potentially leads to a higher demand for protein synthesis that wastes energy, (ii) interferes with functional interactions, and (iii) initiates nonphysiological and potentially damaging cellular processes. The notion that misinteraction could lead to gains of deleterious functions is exemplified by a mutant version of the tumor suppressor p53 that misinteracts with vitamin D3 (VD3) receptor. As a result of this misinteraction, the mutant p53 enhances VD3-induced transcription, compromises VD3-mediated repression, and converts VD3 into a harmful antiapoptotic agent (31) . A recent study showed that the deleterious effect of gross gene overexpression observed in yeast is largely caused by increased protein misinteraction (32) . Theoretical modeling has repeatedly shown that, because of its deleterious effect, misinteraction constrains the proteome size, affects optimal protein concentrations, and shapes the functional interaction network (30, 33, 34) .
Because protein misinteraction is generally abundant and deleterious and involves protein surface residues, we hypothesize that selection against protein misinteraction constrains the evolution of protein surface residues. Specifically, highly expressed proteins are under stronger selective pressures than lowly expressed ones to avoid misinteraction ( Fig. 2) , because a misinteraction-enhancing mutation is more harmful when it occurs in a highly expressed gene than in a lowly expressed gene because of the presence of a greater number of misinteracting molecules from a highly ex-pressed protein than from a lowly expressed protein ( Fig. 2 ). Consequently, highly expressed proteins are less sticky on surfaces and more constrained in surface sequence evolution than lowly expressed ones ( Fig. 2) . Hence, at least in principle, protein misinteraction avoidance can generate an E-R anticorrelation for protein surfaces.
Although protein misinteraction may occasionally lead to protein aggregation, they differ in several aspects. First, although protein misinteraction usually occurs between correctly folded molecules, protein aggregation more often happens to misfolded/unfolded proteins. Second, protein misinteraction often (but not always) involves two different proteins, whereas protein aggregation normally involves multiple molecules of the same protein. Third, both protein misinteraction and aggregation can interfere with normal protein-protein interaction, but only misinteraction can induce potentially deleterious cellular signals that are passed on from the involved proteins.
Misinteraction Avoidance Generates an E-R Anticorrelation: Computer
Simulation. To show that protein misinteraction avoidance can generate an E-R anticorrelation for protein surfaces, we conducted a molecular-level evolutionary simulation using a 3D protein lattice model (Fig. 3A ). In this simulation, we designed 100 pairs of proteins with specific and functional interactions. Each of these 200 proteins consists of 27 amino acid residues that fold into a 3 × 3 × 3 lattice and maintains at least baseline folding stability during evolution (Materials and Methods). Using the information in a previous study (35) , for each pair of the specifically interacting proteins, we optimized their sequences such that the specific interaction is significantly stronger than any misinteraction. We randomly assigned expression levels to each pair of specific interacting partners using a power law distribution, because cellular protein concentrations are known to follow this distribution (36) . We then calculated the probability that each protein is bound to any other protein in the cell. For each binary interaction, we considered all 6 × 6 × 4 = 144 possible orientations when calculating the interaction energy. For simplicity, we did not allow simultaneous interactions of three or more molecules, which are expected to be rarer than binary interactions. The fitness of a cell is calculated by considering two factors: (i) the reduction in the concentrations of functional interactions because of misinteractions and (ii) the toxicity of misinteractions (Materials and Methods).
We constituted a population of 100 cells that evolves at the mutation rate of 0.0005 amino acid changes per residue per generation. After 19,900 generations of evolution, mutation selection balance is reached. We then evolved the population for another 100 generations and estimated the substitution rate during the last 100 generations by counting only fixed amino acid mutations. We repeated the entire simulation 100 times with fixed expression levels but variable protein sequences.
Selection against protein misinteraction should result in lower stickiness (37) for more abundant proteins. Indeed, our simulation shows that, as the expression level of a protein increases, the average contact energy of its misinteractions decreases (i.e., more positive) ( Fig. 3B) , which was also observed in the recent simulation by Heo et al. (34) . Hydrophobic residues are more likely than hydrophilic residues to mediate protein misinteraction (30) , because the contact energy is greater (i.e., more negative) for hydrophobic interactions than hydrophilic interactions (38) . Consistent with this prediction, we observed a reduced fraction of hydrophobic residues on the entire protein surface as the protein expression level increases ( Fig. 3C ). As expected, the probability for a protein to engage in misinteraction at any time decreases with rising protein expression level ( Fig. 3D ). However, this decrease in probability is slower than the rise in expression level (Fig. 3D) . Consequently, the number of molecules involved in misinteraction is still greater for more abundant proteins (Fig. 3E ). In direct support of our hypothesis, highly expressed proteins show lower rates of amino acid substitution on the surface (Fig. 3F ) but not in the core (Fig. 3G ).
It is interesting to note that all of the above results still hold qualitatively even when misinteractions only reduce the concentrations of functional interactions but are not toxic (Fig. S1 ). The reason is that, when a highly expressed protein increases its stickiness, the concentrations of many functional protein complexes are reduced, because highly expressed proteins misinteract with many proteins. The same will not happen when a lowly expressed protein increases its stickiness by the same degree, because it misinteracts with only a small number of proteins. Thus, selection against stickiness is stronger in highly expressed proteins than in lowly expressed ones, generating an E-R anticorrelation. However, the simulation shows that the E-R anticorrelation created by misinteraction avoidance is much weaker when misinteraction is nontoxic (Fig. S1 ).
Yeast Genomic Data Support the Misinteraction Avoidance Hypothesis.
With the above simulation showing the sufficiency of misinteraction avoidance in generating an E-R anticorrelation on protein surfaces, we now turn to empirical evidence for the hypothesis. Our hypothesis makes two key predictions. First, because of stronger selection against misinteraction on more highly expressed proteins, the probability for each molecule to engage in misinteraction should decrease with its concentration (34) . In other words, highly expressed proteins should be less sticky than lowly expressed ones. Second, because of the constraint imposed by misinteraction avoidance, nonsticky residues on protein surfaces are prohibited from changing to sticky residues, whereas no such constraints are imposed on sticky surface residues. Because the pressure to avoid misinteraction increases with protein abundance, we predict that the substitution rate of surface nonsticky residues, relative to the substitution rate of surface sticky residues, decreases with protein abundance.
Below, we provide evidence for the first prediction using information from protein sequences and protein misinteractions. As aforementioned, the fraction of surface residues that are hydrophobic can be used as a proxy for protein stickiness. Consistent with our prediction, this fraction decreases with rising protein abundance (Fig. 4A ). We also used quantitative measures of amino acid hydrophobicity (39) and observed a negative correlation between the mean hydrophobicity of surface residues of a protein and the abundance of the protein (Fig. 4B) . By contrast, these patterns were not observed for buried residues (Fig. S2) . The two proxies of protein stickiness remain significantly correlated with protein abundance after we control the fraction of matching sites (i.e., p misfold rank = 1) on protein surfaces (ρ = −0.105, P < 0.05 and ρ = −0.123, P < 0.03, respectively), suggesting that the lower stickiness of abundant proteins is not explainable by protein misfolding avoidance. Because different amino acids have different biosynthetic costs, it has been shown that amino acid frequencies vary among proteins of different expression levels (40) . Nonetheless, the above two proxies of protein stickiness remain significantly negatively correlated with protein abundance even after we control the amino acid synthetic costs under either fermentative or respiratory conditions ( Fig. 4 A and B legend) . Another proxy for protein stickiness is the fraction of amino acid residues located in intrinsically unstructured or disordered regions of a protein, because these regions tend to mediate protein misinteraction (32) . Again, we found this proxy of stickiness to decrease with rising protein abundance (Fig. 4C ). We also confirmed that these patterns remain qualitatively unchanged even when proteins of the same gene ontology (41) functional categories (e.g., enzymes or ligands/receptors) were compared (Fig. S3 ). Thus, three lines of evidence from protein sequences support the first prediction of our hypothesis.
Protein-protein interactions have been probed experimentally by several different methods. Using the information in an earlier study (30) , we consider interactions detected by yeast two-hybrid (Y2H) assays to include both functional interactions and misinteractions, because the interacting proteins are highly overexpressed in this assay (42) . We found that the number of Y2H interactions that a protein has is negatively correlated with its native expression level (Fig. 4D ). We consider interactions detected by affinity-based methods as largely functional and specific interactions, because in this method, proteins are expressed at their natural levels in their natural subcellular locations (43) . Consistent with a recent report (34) , the interaction number from affinity-based methods shows a strong positive correlation with protein abundance (Fig. 4E) . A weaker positive correlation was found when we guarded against potential false positives in affinity data by requiring each functional interaction to have been identified at least three times (Fig. S4A ). Interactions detected by protein fragment complementation assays also reflect functional interactions (44) , and they similarly show a positive correlation between the abundance of a protein and its number of interactions ( Fig. S5A) . We then infer the number of misinteractions that a protein has by the number of Y2H interactions that are not found by affinity-based methods (or protein fragment complementation assays). As predicted by our hypothesis, the number of inferred misinteractions decreases with protein abundance (Fig. 4F and Figs. S4B and S5B). Note that the inferred number of misinteractions can be compared among different proteins, because all proteins are overexpressed to a similar level in Y2H that is even higher than the expression of the most highly expressed gene in yeast. This overexpression also ensures that false positives and false negatives in high-throughput Y2H experiments do not differentially affect proteins of different natural concentrations. In affinity-based methods and protein fragment complementation assays, high-concentration proteins may have higher detectabilities than low-concentration proteins. However, our conclusion is not dependent on the positive correlations observed in Fig. 4E (Figs.  S4A and S5A ). That is, even when the numbers of functional interactions are comparable among proteins of different concentrations, the Y2H data still suggest that misinteractions are fewer for proteins of higher concentrations. Thus, the first prediction of the misinteraction avoidance hypothesis is also supported by protein misinteraction data.
To test the second prediction of our hypothesis, we calculated the ratio between the substitution rate of surface hydrophilic (i.e., nonsticky) residues and the substitution rate of surface hydrophobic (i.e., sticky) residues in S. cerevisiae proteins using the alignment of orthologous proteins from six post-WGD species. Because of the large sampling error of the ratio calculated from individual proteins, we calculated this ratio for groups of proteins with similar levels of abundance. To increase sensitivity, we focused on strongly hydrophobic (hydrophobicity score > 2) and strongly hydrophilic (hydrophobicity score < −2) amino acids (39) . As predicted, this ratio decreases significantly with rising protein abundance (Fig. 5A) . As a control, we also examined the same substitution rate ratio using protein cores, but we observed no significant relationship between the ratio and protein abundance (Fig. 5B ).
Misinteraction Avoidance Explains the Protein Surface E-R Anticorrelation
Better than Misfolding Avoidance. To assess the relative importance of misinteraction avoidance and misfolding avoidance in generating the E-R anticorrelation for protein surfaces, we separately removed sites under each constraint. Specifically, we progressively removed surface sites constrained for misinteraction avoidance from those sites with low hydrophobicity to those sites with high hydrophobicity. When two sites have the same hydrophobicity score, we first removed the one with the larger solvent accessibility (i.e., more exposed). As a comparison, in each protein, we separately removed the same number of surface sites constrained most for misfolding avoidance according to the p misfold rank. We found that removing sites by hydrophobicity is more effective than removing sites by the p misfold rank in weakening the E-R anticorrelation on protein surfaces (Fig. 6A) . To evaluate the robustness of this result, we bootstrapped all yeast proteins 1,000 times and found that the above result is true in a vast majority of bootstrap samples (Fig. 6B ). The p misfold rank at a specific site explicitly measures the misfolding probability of the WT protein relative to the probability of the 60 possible codon replacements at the site (20) , whereas hydrophobicity is only one of multiple determinants of misinteraction and is only amino acidspecific and not site-specific; therefore, the p misfold rank likely measures the misfolding probability more accurately than hy- drophobicity measures the misinteraction probability. Thus, the result in Fig. 6 is expected to be conservative.
Discussion
In this work, we showed that the protein misfolding avoidance hypothesis cannot fully explain the E-R anticorrelation, especially for protein surface residues. Instead, we propose and show that protein misinteraction avoidance explains the E-R anticorrelation for protein surfaces better than misfolding avoidance. The two hypotheses have several similarities that are worth commenting on. First, the deleterious effects from protein misfolding and misinteraction are both protein concentration-dependent, a requisite for any explanation of the E-R anticorrelation. Second, protein misfolding and misinteraction both reduce the amount of proteins available for performing physiological functions. Third, both misfolding and misinteraction can lead to protein aggregation, although the causes of the aggregation may differ. Fourth, both hypotheses can explain, at least in part, the phenomenon of biased synonymous codon use. It has been shown that misfolding avoidance is partially achieved by a reduction in mistranslation through the use of optimal codons that have high translational accuracies (13, 20, 22) . In principle, the pressure to minimize misinteraction can also result in a reduction in mistranslation through the use of accurately translated codons. In this work, we have chosen to focus on protein sequence evolution only, and we will analyze the impact of misinteraction avoidance on synonymous codon use in a separate study.
Apart from the four similarities, the two hypotheses have three major differences. First, selection against misfolding acts primarily, albeit not exclusively, on the buried residues of a protein, which are most important for protein stability, whereas selection against misinteraction acts on protein surfaces, which determine protein-protein interaction. Hence, they complement each other in generating the E-R anticorrelation for entire protein mole-cules. Second, protein misinteraction can generate a gain of function effect, inducing erroneous cellular processes, which has been documented in some mutants of p53 (31, 45) . By contrast, protein misfolding does not have such effects. Third, although misfolding affects only the misfolded protein itself, misinteraction affects multiple proteins. Hence, when a highly abundant protein is sticky, it could form misinteractions with many other proteins and affect multiple cellular processes. Thus, although the deleterious effect of misfolding is localized and predictable, the effect of misinteraction can be global and unpredictable.
In addition to the evidence documented here for the protein misinteraction avoidance hypothesis of E-R anticorrelation, there are additional observations in the literature that are consistent with this hypothesis. First, Plata et al. (46) found a positive correlation between protein abundance and the fraction of charged (i.e., hydrophilic) residues on solvent accessible sites in Escherichia coli, which is highly consistent with our yeast observation in Fig. 4A , suggesting the applicability of the protein misinteraction avoidance hypothesis in prokaryotes as well. Second, it was reported that the difference in sequence conservation between surface residues involved in functional protein interactions (i.e., functional interfaces) and other surface residues decreases with rising expression level (47) . This observation is likely because of an increasing constraint on these nonfunctional interfaces with rising expression level caused by misinteraction avoidance compared with the constraint on functional interfaces. Third, as mentioned, Zhang et al. (30) and Heo et al. (34) studied the biophysical properties of protein misinteraction. Their results, from both simulation and empirical studies, strongly support our hypothesis.
We showed that removing surface hydrophilic residues, which are likely constrained by misinteraction avoidance, weakens the E-R anticorrelation for protein surfaces (Fig. 6A) . Nevertheless, even when 50% of surface residues are removed, the E-R anti- Fig. 5 . Misinteraction avoidance constrains amino acid substitutions on protein surfaces but not cores. (A) The ratio between the substitution rate of surface hydrophilic residues and the substitution rate of surface hydrophobic residues decreases with rising protein abundance. (B) The ratio between the substitution rate of buried hydrophilic residues and the substitution rate of buried hydrophobic residues does not decrease with rising protein abundance. Each dot represents ∼4,700 aa from ∼40 proteins with similar abundances (number of protein molecules per cells). The protein abundance data were from an earlier study (27) . Fig. 6 . Misinteraction avoidance explains the E-R anticorrelation for protein surfaces better than misfolding avoidance. (A) E-R anticorrelation for protein surfaces after progressive removals of surface hydrophilic residues (step size = 5%). For comparison, the same number of surface sites is removed from each protein based on the p misfold rank. (B) Fraction of 1,000 bootstrap replications in which removing sites constrained by misinteraction avoidance is more effective than removing the same number of sites constrained by misfolding avoidance in weakening the E-R anticorrelation on protein surfaces. correlation is still strong (Fig. 6A) . This observation has at least two explanations. First, although hydrophobicity affects the stickiness of a residue, it is by no means the sole determinant. Stickiness is likely influenced by additional factors (e.g., disorder in structure). Thus, removing hydrophilic sites may be rather ineffective in eliminating residues constrained by misinteraction avoidance. Second, it is possible that misfolding avoidance and misinteraction avoidance are but two of potentially many mechanisms underlying the E-R anticorrelation. For example, Gout et al. (48) and Cherry (49) recently proposed a hypothesis of selection for protein function that, in principle, can also explain the E-R anticorrelation, although it has yet to be empirically verified. Regardless of whether their hypothesis is correct, the E-R anticorrelation is the result of at least two factors: misfolding avoidance and misinteraction avoidance. In the future, it would be interesting to identify sites that would most effectively weaken the E-R anticorrelation when deleted and then study the properties of these sites to find the potential causes of the E-R anticorrelation.
Although our computer simulation focused on the role of misinteraction avoidance in constraining the evolution of proteins with presumably unchanged functions, the same constraint can also hinder neofunctionalization in protein evolution; therefore, a mutation conferring a new function may be unacceptable, because it compromises misinteraction avoidance (50) . It is possible that the E-R anticorrelation reflects reductions of both neutral substitution rates and advantageous substitution rates in highly expressed proteins. Our misinteraction avoidance hypothesis may also be extended to include misinteractions between proteins and nonprotein molecules such as DNA and RNA. Future work is needed to evaluate the impact of such events on protein evolution. Because misinteraction may result in a gain of function, it could occasionally be beneficial under certain conditions. Thus, new functional protein interactions could originate from initial misinteractions through mutation and selection (29) . Because the smaller the effective population size, the weaker the selection against protein stickiness, one may predict that protein interactions and protein complexes are more prone to evolve in species with smaller populations, which has been recently confirmed (51) . Misinteraction, an inevitable phenomenon in any complex system, may, thus, both constrain and channel the evolution of the system.
Materials and Methods
Yeast Genomic Data and Comparative Analysis. The cDNA and protein sequences of S. cerevisiae were downloaded from the Saccharomyces Genome Database (52) . Protein sequences of five other post-WGD fungi (S. paradoxus, S. mikatae, S. bayanus, Candida glabrata, and S. castellii) and their orthologous relationships with S. cerevisiae proteins were extracted from the Fungal Orthogroups Repository (53) . Only those genes that have one to one orthologs in each of the six species were used. Orthologous protein sequences from the six species were aligned using ClustalW (54) , and the substitution rate at each amino acid position of an alignment was estimated by GAMMA (55) . We used microarray-based measurements of S. cerevisiae mRNA expression levels (56) and immunodetection-based measurements of protein expression levels (27) . Amino acid hydrophobicity scores were previously published (39) . Qualitatively, amino acids A, M, C, F, L, V, and I were considered hydrophobic because of their positive hydrophobicity scores (39) , and the other 13 amino acids were considered hydrophilic because of their negative hydrophobicity scores. Protein-protein interaction data of S. cerevisiae were downloaded from BioGRID v3.1.82 (57) .
Estimation of p misfold . We used a previously derived equation (20) to calculate p misfold , the probability of protein misfolding of a mutant gene relative to that of the WT gene. Here, each examined mutant differs from the WT gene by one codon replacement, and all 60 possible codon replacements are examined at each codon position of every gene. The calculation of p misfold considers both translational error-free and -induced misfolding and involves the use of a computationally predicted change of protein stability (ΔΔG) due to a codon replacement (25) and the probability of translational error (20) .
Protein Structures. To determine whether a residue lies on the surface of a protein molecule, we BLASTed yeast proteins against all protein sequences from the Protein Data Bank (PDB) (58) using an E-value cutoff of 10 −6 . A yeast protein was considered to have sufficient matches in PDB only when, in total, over 50% of its residues were aligned to the significant hits. For each yeast protein with sufficient PDB matches, the matched PDB entries were analyzed by the program DSSP to obtain a solvent accessibility score for each residue (59) . Because sequence similarity usually coincides with structural similarity, this score was used as the solvent accessibility score for the aligned yeast protein residue. Sometimes, a multidomain yeast protein was matched to multiple PDB entries. Because the conformations of different domains in the same protein are relatively independent from one another and linkers between domains rarely cover surfaces, we accepted accessibility scores from different PDB entries for different parts of a protein based on the best match of each domain. Such a strategy was supported by the observation that use of the best PDB hit or second best hit for solvent accessibility determination yielded similar results: 84.3% of residues were identically categorized into surface and buried residues. Amino acids with solvent accessibility scores larger than 50, meaning that the residue is simultaneously accessible by at least five water molecules (59), were considered as surface residues; otherwise, they were considered buried. Potential errors in solvent accessibility determination make our findings of differences between surface and buried residues conservative.
We used RONN to estimate the probability that a residue is natively disordered for every residue of every yeast protein, and those residues with the probability > 0.5 were considered as disordered residues (60) .
Computer Simulation of the Interactome. We built a molecular-level biophysical model with baseline selective constraints on protein folding to investigate the impact of protein misinteraction avoidance on protein sequence evolution. First, 200 protein sequences, each with a fixed length of 27 aa, were generated randomly. Given the sequence of a protein, we calculated its folding energy for each possible structure in a 3 × 3 × 3 lattice by the sum of the contact energies of spatially adjacent residues (61) . A folding Z score for structure i of a protein sequence was defined as (Eq. 1)
where E i is the folding energy of structure i and μ E and σ E are the mean and SD of the folding energies of all possible structures of the protein, respectively. For each protein sequence, we randomly chose a structure with F i < −7 as its native structure, which ensured fast and stable folding to the native structure (35) . The native structure of a protein was fixed during the simulation of evolution. Second, we need to define the interaction energies for 40,000 possible pairs of folded protein cubes. To simplify the problem, we considered only interactions mediated by the whole surface on one side of a cube (that is, by nine intermolecule pairs of amino acids). For any two cubes and an interaction orientation, the contact energies of the nine intermolecule pairs of interacting amino acids were summed up as the interaction energy between the two proteins for the specific orientation. Third, we randomly divided the 200 proteins into 100 pairs of specific interaction partners. We optimized the specific interaction for each protein, and therefore, its binding Z score, defined as (Eq. 2)
was as small as possible (35) . Here, protein i and protein j are specific interaction partners with a specific orientation, with the interaction energy being E ij . Additionally, μ Ei and σ Ei are the mean and SD of interaction energies of all other interactions involving protein i in any possible orientation, respectively (including with the specific partner in nonspecific orientations). The specific interaction between proteins i and j was required to satisfy F i < −6, F j < −6, and B ij + B ji < −14 (35) . All interactions except those interactions between specific partners in specific orientations are considered as misinteractions. The genome of the progenitor cell in the in silico evolution consisted of these 200 genes. We randomly generated 100 expression levels that follow a power law distribution (36) and assigned them to each pair of specific interacting partners. In other words, specific interaction partners had exactly the same expression levels, whereas nonspecific interaction partners could have different expression levels. We required all of the expression levels to be integers no less than 1 μM, and the largest expression should be at least 50 μM. To have a gradient of expression levels among genes, we required that the expression difference between two adjacent genes when ranked by expression level should be less than 5 μM.
With the expression levels and interaction energies determined and thermodynamic equilibrium assumed, we estimated the probability that protein i is in a complex with protein j by solving the following quadratic system (Eq. 3):
∀i and j; ∃
Here, C i is the concentration of free molecules of protein i (unbound to any molecule), C ij is the concentration of the protein complex composed of a protein i and a protein j, D i is the total concentration of protein i in the cell (i.e., the expression level), R is the Boltzmann constant of 1.986 cal/mol per K, T is the absolute temperature, ∀ means for any, and ∃ means there exists. In Eq. 3, E ij is the overall binding energy between proteins i and j in all 144 orientations, and is calculated by
where E ijk is the binding energy between i and j in the kth orientation, calculated from the contact energy between the nine amino acid pairs of i and j that are in contact. There are 20,300 equations with 20,300 variables to be solved in this quadratic system. We used an iterative method to approach the solution of this quadratic system. Specifically, we started with an arbitrary set of C i values and calculated C ij values based on the interaction energies using Eq. 3. We then adjusted C i to be C i D i =ðC i þ ∑ 200 j¼1 C ij Þ, where D i is the assigned expres-sion level of the protein i. We repeated this process many times until the absolute value of the fractional adjustment in the sum of C i between two consecutive iterations was smaller than 10 −5 . We tried multiple different sets of initial values of C i and found no difference in final results. We defined the fitness of a cell by f ðs; mÞ ¼ se − am , where s is the product of the fractions of molecules engaged in specific interactions across 100 specific complexes, m is the total concentration (in micromolar) of misinteraction complexes, and a is a constant that determines the toxicity of an average misinteraction. Without loss of generality, we assigned a = 1. The above fitness function ensures that the relative fitness cost of each additional misinteraction is the same. We also repeated the simulation using a = 0 to examine the outcome when misinteraction is not toxic (Fig. S1) .
At the beginning of the simulated evolution, the population contained 100 identical cells. Random mutations were introduced at the rate of 0.0005 per residue per generation, with the requirement that the folding Z score of any protein must be lower than −2. Fitness was calculated for each cell, and the next generation of cells was generated by considering each cell's fitness and genetic drift. This process of mutation, selection, and drift was repeated 19,900 generations to reach the equilibrium. We then evolved the population for 100 additional generations and counted the number of fixed amino acid changes from the 19,900th to the 20,000th generation. We repeated the whole simulation 100 times with different protein sequences but the same set of expression levels.
